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S&P AAA categories are not subdivided. Ratings below Baa3 (Moody's) and BBB-(S&P) are referred to as "below investment grade".
Analysts and commentators often use ratings as descriptors of the creditworthiness of bond issuers rather than descriptors of the quality of the bonds themselves. This is reasonable because it is rare for two different bonds issued by the same company to have different ratings. Indeed, when rating agencies announce rating changes they often refer to companies, not individual bond issues. In this paper we will similarly assume that ratings are attributes of companies rather than bonds.
The paper has two objectives. The first is to examine the relationship between credit default swap spreads and bond yields. The second is to examine the relationship between credit default swap spreads and announcements by rating agencies. The analyses are based on over 200,000 CDS spread bids and offers collected by a credit derivatives broker over a five-year period.
In the first part of the paper we point out that in theory the N-year CDS spread should be close to the excess of the yield on an N-year bond issued by the reference entity over the risk-free rate. This is because a portfolio consisting of a CDS and a par yield bond issued by the reference entity is very similar to a par yield risk-free bond. We examine how well the theoretical relationship between CDS spreads and bond yield spreads holds. A number of other researchers have independently carried out related research. Longstaff, Mithal and Neis (2003) assume that the benchmark risk-free rate is the Treasury rate and find significant differences between credit default swap spreads and bond yield spreads. Blanco, Brennan and Marsh (2003) use the swap rate as the risk-free rate and find credit default swap spreads to be quite close to bond yield spreads. They also find that the credit default swap market leads the bond market so that most price discovery occurs in the credit default swap market. Houweling and Vorst (2002) confirm that the credit default swap market appears to use the swap rate rather than the Treasury rate as the risk-free rate. Our research is consistent with these findings. We adjust CDS spreads to allow for the fact that the payoff does not reimburse the buyer of protection for accrued interest on responsibility of determining the market price, x, of a bond issued by the reference entity a specified bonds. We estimate that the market is using a risk-free rate about 10 basis points less than the swap rate.
The second part of the paper looks at the relationship between credit default swap spreads and credit ratings. Some previous research has looked at the relationship between stock returns and credit ratings. Hand et al. (1992) find negative abnormal stock returns immediately after a review for downgrade or a downgrade announcement, but no effects for upgrades or positive reviews. Goh and Ederington (1993) find negative stock market reaction only to downgrades associated with a deterioration of firm's financial prospects but not to those attributed to an increase in leverage or reorganization. Cross sectional variation in stock market reaction is documented by Goh and Ederington (1999) who find a stronger negative reaction to downgrades to and within non-investment grade than to downgrades within the investment grade category. Cornell et al. (1989) relates the impact of rating announcements to the firm's net intangible assets. Pinches and Singleton (1978) and Holthausen and Leftwich (1986) find that equity returns anticipate both upgrades and downgrades.
Other previous research has considered bond price reactions to rating changes. Katz (1974) and Grier and Katz (1976) look at monthly changes in bond yields and bond prices respectively. They conclude that in the industrial bond market there was some anticipation before decreases, but not increases. Using daily bond prices, Hand et al. (1992) find significant abnormal bond returns associated with reviews and rating changes.
2 Wansley et al. (1992) confirm the strong negative effect of downgrades (but not upgrades) on bond returns during the period just before and just after the announcement. Their study concludes that negative excess returns are positively correlated with the number of rating notches changed and with prior excess negative returns. 3 This effect is not related to whether the rating change caused the firm to become non-investment grade. By contrast, Hite and Warga (1997) find that the strongest bond price reaction is associated with downgrades to and within the non-investment grade number of days after the credit event. The payment by the seller is then is 100-x per $100 of principal. 2 An exception was a "non-contaminated" subsample, where there were no other stories about the firm other that the rating announcement. 3 An example of a one-notch change is a change from Baa1 to Baa2.
class. Their findings are confirmed by Dynkin et al.(2002) who report significant underperformance during the period leading up to downgrades with the largest underperformance being observed before downgrades to below investment grade. A recent study by Steiner and Heinke (2001) uses Eurobond data and detects that negative reviews and downgrades cause abnormal negative bond returns on the announcement day and the following trading days but no significant price changes are observed for upgrades and positive review announcements. This asymmetry in the bond market's reaction to positive and negative announcements was also documented by Wansley et al. (1992) and Hite and Warga (1997) .
Credit default swap spreads are an interesting alternative to bond prices in empirical research on credit ratings for two reasons. 4 The first is that the CDS spread data provided by a broker consists of firm bid and offer quotes from dealers. Once a quote has been made, the dealer is committed to trading a minimum principal (usually $10 million) at the quoted price. By contrast the bond yield data available to researchers usually consist of indications from dealers. There is no commitment from the dealer to trade at the specified price. The second attraction of CDS spreads is that no adjustment is required: they are already credit spreads. Bond yields require an assumption about the appropriate benchmark risk-free rate before they can be converted into credit spreads. As the first part of this shows, the usual practice of calculating the credit spread as the excess of the bond yield over a similar Treasury yield is highly questionable.
As one would expect, the CDS spread for a company is negatively related to its credit rating: the worse the credit rating, the higher the CDS spread. However, there is quite a variation in the CDS spreads that are observed for companies with a given credit rating.
In the second part of the paper we consider a number of questions such as: To what extent do CDS spreads increase (decrease) before and after downgrade (upgrade) 4 Other empirical research on credit default swaps that has a different focus from ours is Cossin et al (2002) and Skinner and Townend (2002) . Cossin et al. examine how much of the variation in credit default swap spreads can be explained by a company's credit rating and other factors such as the level of interest rates, the slope of the yield curve, and the time to maturity. Skinner and Townend argue that a credit default swap can be viewed as a put option on the value of the underlying reference bond. Using a sample of sovereign CDS contracts, they investigate the influence of factors important in pricing put options on default swap spreads.
announcements? Are companies with relatively high (low) CDS spreads more likely to be downgraded (upgraded)? Does the length of time that a company has been in a rating category before a rating announcement influence the extent to which the rating change is anticipated by CDS spreads?
In addition to the credit rating change announcements, we consider other information produced by Moody's that may influence, or be influenced by, credit default swap spreads. These are Reviews (also called Watchlists), and Outlook Reports. A Review is typically either a Review for Upgrade or a Review for Downgrade. 5 It is a statement by the rating agency that it has concerns about the current rating of the entity and is carrying out an active analysis to determine whether or not the indicated change should be made.
The third type of rating event is an Outlook Report from a rating agency analyst. These reports are similar to the types of reports that an equity analyst with an investment bank might provide. They are distributed via a press release (available on the Moody's website) and indicate the analyst's forecast of the future rating of the firm. Outlooks fall into three categories: rating predicted to improve, rating predicted to decline, and no change in rating expected. 6 To the best of our knowledge, ours is the first research to consider Moody's Outlook Reports.
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The rest of this paper is organized as follows. Section I describes our data. Section II examines the relationship between CDS spreads and bond yields and reaches conclusions on the benchmark risk-free rate used in the credit derivatives market. Section III presents our empirical tests on credit rating announcements. Conclusions are in Section IV.
5 Occasionally a firm is put on Review with no indication as to whether it is for an upgrade or a downgrade. We ignore those events in our analysis. 6 In our analysis we ignore Outlooks where no change is expected. 7 Standard and Poor's (2001) considers the Outlook reports produced by S&P.
I. The CDS Data Set
Our credit default swap data consist of a set of CDS spread quotes provided by GFI, a broker specializing in the trading of credit derivatives. The data covers the period from The CDS rate quoted for any particular CDS depends on the term of the CDS and the credit quality of the underlying asset. The vast majority of quotes lie between 0 and 300 basis points. However, quotes occasionally exceed 3,000 basis points. 11 The typical quote has evolved over the life of the market. In the first two years the prices quoted tended to decline which is consistent with a developing market in which competition is lowering the prices. However in the last 3 years it appears that the typical quote has been increasing. This is consistent with our observation that the average quality of the assets being protected is declining. 9 The vast majority of the quotations are for CDSs denominated in USD. However, there is increasing activity in EUR and JPY. The proportion of the quotes denominated in USD from 1998 to 2002 is: 100%, 99.9%, 97.7%, 92.2%, and 71.4%. 10 At the end of 2002 the market began to standardize contract maturity dates. This means that the most popular maturity is approximately five years rather than exactly five years. 11 Such high spreads may seem surprising but are not unreasonable. Suppose it was known with certainty that an entity would default in 1 year and that there would be no recovery. The loss 1 year from now would be 100% and to cover this cost it would be necessary to charge a CDS spread of about 10,000 basis points per year. If it were known that the entity would default in 1 month's time the spread would be 120,000 basis points per year, but it would be collected for only one month.
II. CDS Spreads and Bond Yields
In theory CDS spreads should be closely related to bond yield spreads. Define y as the yield on an n-year par yield bond issued by a reference entity, r as the yield on an n-year par yield riskless bond, and s as the n-year CDS spread. The cash flows from a portfolio consisting of the n-year par yield bond issued by the reference entity and the n-year credit default swap are very close to those from the n-year par yield riskless bond in all states of the world. The relationship
should therefore hold approximately. If s is greater than y − r, an arbitrageur will find it profitable to buy a riskless bond, short a corporate bond and sell the credit default swap.
If s is less than y − r, the arbitrageur will find it profitable to buy a corporate bond, buy the credit default swap and short a riskless bond.
There are a number of assumptions and approximations made in this arbitrage argument.
In particular:
1. The argument assumes that market participants can short corporate bonds.
Alternatively, it assumes that holders of these bonds are prepared to sell the bonds, buy riskless bonds, and sell default protection when r y s − > .
2. The argument assumes that market participants can short riskless bonds. This is equivalent to assuming that market participants can borrow at the riskless rate.
3. The argument ignores the "cheapest-to-deliver bond" option in a credit default swap. Typically a protection seller can choose to deliver any of a number of different bonds in the event of a default. 5. There is counterparty default risk in a credit default swap. (We discuss this later.)
6. The circumstances under which the CDS pays off is carefully defined in ISDA documentation. The aim of the documentation is to match payoffs as closely as possible to situations under which a company fails to make payments as promised on bonds, but the matching is not perfect. In particular, it can happen that there is a credit event, but promised payments are made.
7. There may be tax and liquidity reasons that cause investors to prefer a riskless bond to a corporate bond plus a CDS or vice versa.
8. The arbitrage assumes that the CDS gives the holder the right to sell the par bond issued by the reference entity for its face value plus accrued interest. In practice it gives the holder the right to sell a bond for its face value.
As discussed by Duffie (1999) and Hull and White (2000) it is possible to adjust for the last point. Define A * as the expected accrued interest on the par yield bond at the time of the default. The expected payoff from a CDS that gives the holder the right to sell a par yield bond for its face value plus accrued interest is 1 + A* times the expected payoff on a regular CDS. To adjust for this we can replace equation (1) by
cheapest to deliver. Also, in the event of a restructuring, the market may not expect all bonds to be treated similarly. This increases the value of the cheapest-to-deliver bond option.
A. Alternative Risk-Free Rates
The main problem in using equation (2) lies in choosing the risk-free rate, r. Bond traders tend to regard the Treasury zero curve as the risk-free zero curve and measure a corporate bond yield spread as the spread of the corporate bond yield over the yield on a similar government bond. By contrast, derivatives traders working for large financial institutions tend to use the swap zero curve (sometimes also called the LIBOR zero curve) as the risk-free zero curve in their pricing models because they consider LIBOR/swap rates to correspond closely to their opportunity cost of capital.
The choice of the Treasury zero curve as the risk-free zero curve is based on the argument that the yields on bonds reflect their credit risk. A bond issued by a government in its own currency has no credit risk so that its yield should equal the risk-free rate of interest. However, there are many other factors such as liquidity, taxation, and regulation that can affect the yield on a bond. For example, the yields on US Treasury bonds tend to be much lower than the yields on other instruments that have zero or very low credit risk.
One reason for this is that Treasury bonds have to be used by financial institutions to fulfill a variety of regulatory requirements. A second reason is that the amount of capital a financial institution is required to hold to support an investment in Treasury bonds is substantially smaller than the capital required to support a similar investment in low risk corporate bonds. A third reason is that the interest on Treasury bonds is not taxed at the state level whereas the interest on other fixed income investments is taxed at this level.
For all of these non-credit-risk reasons, the yields on U.S. Treasury bonds tend to be depressed relative to the yields on other low risk bonds.
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The swap zero curve is normally calculated from LIBOR deposit rates, Eurodollar futures, and swap rates. The credit risk associated with the swap zero curve is somewhat deceptive. The rates for maturities less than one year in the swap zero curve are LIBOR deposit rates and are relatively easy to understand. They are the short-term rates at which one financial institution is willing to lend funds to another financial institution in the inter-bank market. The borrowing financial institution must have an acceptable credit 13 rating (usually Aa). From this it might be assumed that longer rates are also the rates at which Aa-rated companies can borrow. This is not the case. The n-year swap rate is lower than the n-year rate at which an Aa-rated financial institution borrows when n > 1.
It represents the credit risk in a series of short-term loans to Aa borrowers rather than the credit risk in one long-term loan to Aa borrowers. Consider for example the 5-year swap rate when LIBOR is swapped for a fixed rate of interest and payments are made semiannually. This is the rate of interest earned when a bank a) enters into the 5-year swap and b) makes a series of 10 six-month loans to companies with each of companies being sufficiently creditworthy that it qualifies for LIBOR funding at the beginning of its six-month borrowing period. From this it is evident that rates calculated from the swap zero curve are very low risk rates, but are not totally risk free. They are also liquid rates that are not subject to any special tax treatment.
B. Test of Equation (2)
To test equation (2) we chose a sample of 31 reference entities that were very actively quoted in our CDS data set. These are listed in Table I . The reference entities were chosen to span the rating categories and to represent a range of different industries. We used only CDS quotes on these reference entities that corresponded to trades (that is, the bid quote equaled the offer quote).
For each of the reference entities we determined the CUSIPs of all the outstanding bond issues. The total number of issues considered was 964. The characteristics of each issue
were downloaded from Bloomberg and the bonds to be included were selected using the following major criteria:
1. Bonds must not be puttable, callable, convertible, or reverse convertible.
2. Bonds must be single currency (USD) bonds with fixed rate, semi-annual coupons that are not indexed.
3. Bonds must not be subordinated or structured.
13 See Duffee (1996) and Reinhart and Sack (2001) for a further discussion of the market for Treasury 4. The issue must not be a private placement.
We also filtered the bonds on their time to maturity to eliminate long maturity issues.
After applying these criteria there were 183 issues remaining. Indicative yields for these issues for the period from January 1, 1998 to July 15, 2002 were downloaded from Bloomberg.
The CDS quotes were merged with the bond data in the following way. For each CDS transaction a corresponding 5-year bond par yield, y, was estimated by regressing yield against maturity for all the bonds of the reference entity on that date. 14 The time to maturity of the bonds used in the regression had to be between 2 and 10 years, and there had to be at least one bond with more than 5-years to maturity and one with less than 5-years to maturity. The regression model was then used to estimate the 5-year yield. This resulted in a total of 370 CDS quotes with matching 5-year bond yields. Of these 111 of the quotes were for reference entities in the Aaa and Aa rating categories, 215 for reference entities in the A rating category, and 44 for reference entities in the Baa rating category. Since all bonds paid interest semiannually we assume that A* = y/4 in equation
To test this equation we considered two alternative models:
and
instruments. 14 We tried other schemes to estimate the 5-year par yield. One of them was the interpolation method used by Blanco, Brennan and Marsh (2003) where a synthetic 5-year bond yield is created from one large bond issue below and one above the five year maturity. However, none of these schemes proved to be better than the procedure we used. We also carried out the tests using mid-market CDS quotes where the bid/offer spread was less than 10 basis points. The results were similar but the standard errors were larger.
where r T is the five-year Treasury par yield, r S is the five-year swap rate, and ε is a normally distributed error term. 15 The regression results are shown in Table II .
The model in equation (5), where the risk-free rate is the swap rate, provides a better fit to the data than the model in equation (4), where the risk-free rate is the Treasury rate.
The ratio of sums of squared errors is 1.513. Under the hypothesis that the models are equally good this statistic should be distributed F (368, 368) . As a result we are able to reject the hypothesis that the models are equally good with a very high degree of confidence.
The model in equation (3) predicts that a = 0 and b = 1. We are unable to reject the hypothesis that a = 0 for both versions of the model. The value of b is significantly greater than 1.0 at the 1% confidence level when the Treasury rate is used as the risk-free rate and significantly less than 1.0 at the 1% confidence level when the swap is used as the risk-free rate. This suggests that the benchmark risk-free rate used by CDS market participants is between the Treasury rate and the swap rate.
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C. The Benchmark Risk-Free Rate
To investigate the benchmark risk-free rate further we examined the statistics of r − r T and r − r S where r is the implied risk-free interest rate calculated using equation (3).
These statistics are summarized in Table III. The table also This is a measure of the fraction of the distance from the Treasury rate to the swap rate at which the implied risk-free rate is found. The results show that on average the implied risk-free rate lies 90.4% of the distance from the Treasury rate to the swap rate, 62.87 basis points higher than the Treasury rate and 6.51 basis points lower than the swap rate.
Our results are consistent with those of Houweling and Vorst (2002) who use the CDS market to argue that market participants no longer see the Treasury curve as the risk-free curve and instead use the swap curve and/or the repo curve. Houweling and Vorst use equation (1) rather than equation (2) in their tests. Table III shows that, as the credit quality of the reference entity declines, the implied risk-free rate rises. A possible explanation for this is that there is counterparty default risk in a CDS (that is, there is some possibility that the seller of the CDS will default). Hull and White (2001) provide an analytic approximation for the impact of counterparty default risk on CDS spreads. Using their formula with reasonable estimates of the parameters we were able to provide only a partial explanation of the differences between the results for rating categories in Table III . We conclude that the results may be influenced by other factors such as differences in the liquidities of the bonds issued by reference entities in different rating categories.
The estimates made for the Aaa and Aa reference entities are probably most indicative of the benchmark risk-free rate applicable to liquid instruments. The impact of counterparty default risk on CDS spreads for these reference entities is extremely small and market participants have indicated to us that bonds issued by these reference entities tend to be fairly liquid. Our best estimate is therefore that the benchmark five-year risk-free rate is on average about 10 basis points less than the swap rate or about 83% of the way from the Treasury rate to the swap rate.
III. CDS Spreads and Rating Changes
Both the credit default swap for a company and the company's credit rating are driven by credit quality, which is an unobservable attribute of the company. Credit spreads change more or less continuously whereas credit ratings change discretely. If both were based on the same information we would expect rating changes to lag credit spread changes. As explained by Cantor and Mann (2003) rating agencies have stability as one of their objectives. (They try and avoid getting into a position where a rating change is made and has to be reversed a short time later.) This stability objective is also likely to cause rating changes to lag credit spread changes. However, rating agencies base their ratings on many different sources of information, some of which are not in the public domain. The possibility of rating changes leading credit spreads cannot therefore be ruled out.
In this section we carry two sorts of tests. We first condition on rating events and test whether credit spreads widen before and after rating events. We then condition on credit spread changes and test whether the probability of a rating event depends on credit spread changes. Our tests use the GFI database described in Section I and databases from Moody's that contain lists of rating events during the period covered by the GFI data.
We used the quotes in the GFI database between October 1, 1998 and May 24, 2002. We restricted our analysis to five-year quotes on reference entities that were corporations rated by Moody's. We would have liked to proceed as in Section II and retain as observations only data where an actual trade was reported (that is, the bid quote equals the offer quote). However, this would have been led to insufficient observations for our empirical tests. We therefore chose to search for situations where there are both bid quotes and offer quotes for a reference entity on a particular day and they are reasonably close together. When there were both bid and offer quotes for a reference entity on a day we calculated U, the maximum of the bid quotes and V, the minimum of the offer quotes.
If U and V were less than 30 basis points apart, we calculated a "spread observation" for the reference entity for the day as 0.5(U+V). The total number of spread observations obtained in this way for the period considered was 29,032. 17 Macroeconomic effects cause the average level of CDS spreads to vary through time. For example, all CDS spreads increased sharply after September 11, 2001. To allow for this in our empirical tests, we calculated an index of CDS spreads for companies in each of the following three categories: Aaa and Aa, A, and Baa. (The Aaa and Aa categories were combined because there were relatively few reference entities in each category. We did not consider below investment grade categories because it is relatively rare for a CDS to trade on a reference entity in these categories.) This enabled us to convert each spread observation into an "adjusted spread observation" by subtracting the appropriate spread index. 18 An implicit assumption in our adjustment procedure is that all companies in a rating category have the same sensitivity to the index. We repeated all our tests without subtracting the spread index. It is reassuring that the results, including the level of significance, were similar to those we report here.
We considered six types of Moody's rating announcements: downgrades, upgrades, review for downgrade, review for upgrade, positive outlook, and negative outlook. We will refer to downgrades, reviews for downgrade and negative outlooks as "negative events" and upgrades, reviews for upgrade, and positive outlooks as "positive events".
A. Spread Changes Conditional on Rating Events
Our first test considered the changes in adjusted CDS spreads that occur before and after a Moody's rating event 19 . This is similar to a traditional event study. In our analysis we eliminated all Moody's events that were preceded by another event in the previous 90 business days. This controls for contamination. We define the time interval [n 1 , n 2 ] as the time interval lasting from n 1 business days after the event to n 2 business days after the 17 If we had defined observations as situations where a trade was indicated we would have had a total of 5,056 observations. 18 We adjust the CDS spreads after a rating change by the index corresponding to the "old" rating category (the rating before the event). In this way we avoid any discontinuities at the time of the event that would have contaminated the announcement day effect. event where n 1 and n 2 can be positive or negative. Thus [-90, -61 ] is the time interval from 90 days before the event to 61 days before the event; [1, 10] is the time interval from 1 day after the event to 10 days after the event day; and so on. We calculated the "adjusted spread change" for interval [n 1 , n 2 ] as the adjusted spread observation for day n 2 minus the adjusted spread for day n 1 . When there was no observation on the adjusted spread available for a day we estimated an adjusted spread observation by interpolating between adjacent observations.
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We considered whether the mean adjusted spread change for a rating event is significantly greater than (less than) zero for negative (positive) events. The distribution of the adjusted spread change often had a pronounced positive skew and the sample size (i.e., number of rating events for which the spread change could be calculated) was sometimes quite low so that a standard t-test was inappropriate. This led us to use the bootstrap technique described by Efron and Tibshirani (1993 20 An exception is that we never interpolated across day zero. If after applying our interpolation rules there was no observation on day n 1, but there were at least two observations between day n 1 and n 2 we used the next observation after day n 1 as a substitute for the observation on day n 1 . The other rules we used were analogous. One implication of the rules is that our day 1 and day -1 results are produced only from spread observations on those days, not from interpolated spread observations. percentile of this distribution we are able to test whether the null hypothesis can be rejected at a particular confidence level.
Our results for negative rating events are shown in Table IV. 21 By pooling all observations we find a significant (at the 1% level) increase in the CDS spread well in advance of a downgrade event. In the case of reviews for downgrade and negative outlooks there is a significant (at the 1% level) increase in the CDS spread during the 30 days preceding the event. CDS spreads increase by approximately 38 bps in the 90 days To summarize, there is evidence that the CDS market anticipates all three types of negative credit events. There is evidence of announcement day effects at the time of a review for downgrade. We did not find significant post-announcement day effects and conclude that CDS spreads fully adjust to the information in rating changes by day +1.
We carried out a similar test to that in Table IV for positive events (upgrades, reviews for upgrades, and positive outlooks). We found virtually no significance, although we were reassured by the results that the average changes in adjusted CDS spreads were mostly negative. There are two possible reasons for our results. The first is that positive rating events are anticipated much less than negative rating events. (This would be consistent with the conclusions of other researchers, mentioned in the introduction, who looked at bond yields and equity prices.) The second is that the number of positive rating events is not large enough to get significance. The total number of positive rating events in our sample was 59 (22 upgrades, 24 positive reviews, and 13 positive outlooks) whereas the number of negative rating events was 266.
B. Estimating the Probability of Rating Events
In our next set of tests we examine whether CDS spreads are useful in estimating the probability of a rating event. The test in Section IIIA considers the adjusted spread change conditional on a rating event. Here we consider the probability of a rating event conditional on the adjusted spread change.
To carry out the analysis we constructed a set of non-overlapping 30-day time intervals for each reference entity and observed whether a particular rating event occurred in the 30 days following the end of the interval. Those intervals that contained a rating event of any kind were eliminated, thus controlling for contamination. We also eliminated intervals that did not include at least two spread observations on the reference entity.
In our first test we used the logistic model: 
where x is the adjusted spread change in a 30-day interval, P is the probability of a rating event during the 30 days following the end of the interval, and a and b are constants. We determined a and b from a maximum likelihood analysis. The adjusted spread change is defined as the last spread observed in the interval less the first spread observed in the interval. Our sample consisted of observations for all combinations of intervals and reference entities, except when they were eliminated for one of the reasons mentioned above. 21 The sample size for an entry in Table 3 may be less than the corresponding number of events because there was sometimes insufficient data to calculate the spread change for a rating event.
The results are shown in Table V . When companies in all rating categories are considered, the coefficient of the adjusted spread change is significant at the 1% level for the probability of a downgrade or a negative outlook, and is significant at the 5% level for the probability of a review for downgrade. In the case of downgrades, the coefficient of the adjusted spread change is significant at 1% for each rating category.
To provide an intuitive measure of the impact of x on P we calculated x x dx dP = for the best fit values of a and b where x is the mean value of x. This measures the increase in the probability of a rating event for a one basis point increase in the adjusted spread change. We refer to this as the "probability sensitivity measure" or PSM in the table.
A natural alternative to looking at the adjusted spread change is to look at the adjusted spread level. We therefore took our sample of observations from the previous experiment and set x equal to the average adjusted spread level in an interval. The logistic model is the same as before and the PSM measure is defined as before. The results are shown in Table VI . They are similar to those in Table V . Adjusted spread levels are significant at 1% level for downgrades and review for downgrades when all rating categories are pooled, but overall the results for outlooks are not significant.
Analysts often look at what are termed cumulative accuracy profile curves (CAP curves) when comparing alternative models for predicting rating events. 22 (In other contexts these are called Lorenz curves.) Suppose that a variable x is proposed as an indicator of the probability of a particular rating event. A CAP curve is a plot of quantiles of the rating event against quantiles of x. It provides a visual qualitative guide to the predictive power of x. For example, it might show that the highest 10% of observations on x accounted for 30% of the rating events; the highest 25% of observations on x account for 50% of the rating events; and so on. 22 See for example Moody's (2003) The logistic model is open to the criticism that it relies on a particular functional form for the relationship between the probability of a rating event and the explanatory variable.
We therefore decided to develop a non-parametric test based on the idea underlying CAP curves. Consider again our first test where we calculate the change in the adjusted spread during a 30-day interval and observe whether a particular rating event occurs during the following 30 days. For each observation we assign a score of 1 if the rating event does occur and a score of zero if it does not occur.
We divided the observations into two categories: a high spread change category, H, and a low spread change category, L. The categories are defined as:
H: The set of observations in which the adjusted CDS spread change is greater than the (100-p)th percentile of the distribution of all changes L: The set of observations in which the adjusted CDS spread change is less than the (100-p)th percentile of the distribution of all changes
We then counted the total score (i.e., the total number of rating events) for all the observations in each category.
Suppose that there are a total of N rating events of the type being considered, with n being from category H and N -n being from category L. Our null hypothesis is that there is a probability p of any one of these events being from category H and 1 -p of it being from category L. The probability of observing exactly n events from category H under the null hypothesis is:
In a one-tailed test for negative events when the confidence level is q, the critical value of n is the smallest value of n for which Table VII . The results are similar to those in Table V . When all rating categories are considered together we get significant results for all rating events, except for review for downgrades and p=50%. This indicates that the adjusted spread change does contain useful information for estimating the probability of rating events. The results for the Aaa/Aa category show less significance than for other rating categories.
We proceeded similarly when looking at adjusted spread levels. The observations were divided into two categories, a high spread level category, H, and a low spread level category, L:
H: The set of observations for which the adjusted spread level is greater than the (100-p)th percentile of the distribution of all adjusted spread levels L: The set of observations for which the adjusted spread level is less than the (100-p)th percentile of the distribution of all adjusted spread levels We then counted the total score for all the observations in each category. The test of the significance of the results is the same as that given above for the Table VII. The results for negative events are shown in Table VIII . Again we find that adjusted spread levels have about the same explanatory power as adjusted spread changes in estimating the probability of rating events.
We carried out similar tests to those in Tables V to VIII for positive events. We found very little significance. As in the case of the results in Section IIIA, this may be because positive events are not anticipated or it may be because the number of positive events is quite small.
Researchers such as Altman and Kao (1992) and Lando and Skodeberg (2002) find that the probability of the credit rating change for a company depends on how long the company has been in its current rating category. The more recently a company has changed its credit rating the more likely it is to do so again in the next short period of time. This phenomenon is sometimes referred to as ratings momentum.
To test whether the length of time a company has been in its current rating category is a useful explanatory variable we modified the logistic model in equation (6) Although the sign of c was almost invariably negative (indicating that the longer a company has been in its rating category the less likely a rating event is), it was not significant for any of the rating events we consider. This may be because CDS spreads reflect the information in the u.
IV. Conclusions
Credit default swaps are a recent innovation in capital markets. There is a theoretical relationship between credit default swap spreads and bond yield spreads. We find that the theoretical relationship holds fairly well and that we are able to use it to estimate the benchmark five-year risk-free rate used by participants in the credit default swap market.
Our conclusion is that the risk-free rate used by market participants is about 10 basis points less than the five-year swap rate on average. Alternatively it can be characterized as above the Treasury rate by about 83% of the spread between the five-year swap rate and the five-year Treasury rate.
We have conducted two types of analyses exploring the relationship between the credit default swap market and ratings announcements. In the first type of analysis we examine credit default swap changes conditional on a ratings announcement. We find that
Reviews for Downgrade contain significant information, but Downgrades and Negative
Outlooks do not. There is anticipation of all three types of ratings announcements by the credit default swap market. In the second type of analysis we examine ratings announcements conditional on credit default levels and credit default changes. Either credit spread changes or credit spread levels provide helpful information in estimating the probability of negative credit rating changes. We find that 42.6% of downgrades, 39.8% of all reviews for downgrade and 50.9 % of negative outlooks come from the top quartile of credit default swap changes.
Our results for positive rating events were much less significant than our results for negative rating events. This is consistent with the work of researchers who have looked at the relationship between rating events and bond yields, but may be influenced by the fact that there were far fewer positive rating events in our sample. Table III Comparison of implied risk-free rate, r, with the corresponding Treasury rate, r T , and the corresponding swap rate, r S . The implied risk-free rate is about 63 basis points higher than the Treasury rate and about 6 basis points lower than the swap rate. The variable Q is the fraction of the distance from the Treasury rate to the swap rate at which the implied risk-free rate is found. Table IV The mean change in the adjusted CDS spread during an interval that is prior to or after a negative rating event. The time interval [-90, -61] is from 90 business days before the event to 61 business days before the event. Other time intervals are defined similarly. The adjusted CDS spread on a day is the actual CDS spread less an index of the average CDS for the rating category. * indicates that the adjusted CDS spread change is greater than zero at the 5% confidence level. ** indicates that it is greater than zero at the 1% confidence level. where x is the change in the adjusted spread during a 30-day period and P is the probability of a rating event during the subsequent 30 days. LRI is the McFadden's likelihood ratio index. PSM is the probability sensitivity measure, defined as the increase in the probability of a rating event for a 1bp increase in the adjusted spread change. Standard errors are shown in parentheses. Significance of coefficients is calculated using the Wald Chi-square test. * indicates significance at the 5% level; ** indicates significance at the 1% level. is the average level of the adjusted spread during a 30-day period and P is the probability of a rating event during the subsequent 30 days. LRI is the McFadden's likelihood ratio index. PSM is the probability sensitivity measure, defined as the increase in the probability of a rating event for a 1bp increase in the average spread level. Standard errors are shown in parentheses. Significance of coefficients is calculated using the Wald Chi-square test. * indicates significance at the 5% level; ** indicates significance at the 1% level. Table VII The ability of adjusted spread changes during a 30-day interval to predict rating events during the 30 days following the interval. The table shows the percentage of the events that occur when the adjusted spread change is above the 100-p percentile of the distribution of adjusted spread changes. The null hypothesis is that the probability of an event occurring is p. The adjusted CDS spread on a day is the actual CDS spread less an index of the average CDS for the rating category. * indicates significance at the 5% level; ** indicates significance at the 1% level. Table VIII The ability of adjusted spread levels to predict rating events 30 days ahead. The table shows the percentage of the events that occur when the adjusted spread level is above the 100-p percentile of the distribution of adjusted spread levels. The null hypothesis is that the probability of an event occurring is p. The adjusted CDS spread on a day is the actual CDS spread less an index of the average CDS for the rating category. * indicates significance at the 5% level; ** indicates significance at the 1% level. 
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